Abstract
Introduction

30
Air pollution is recognized as a contributing factor to various health outcomes, and has been associated 31 with public health risks [1, 2] . Accurately assessing ambient concentrations of different air pollutants is 32 necessary in any study on the impact of air quality (AQ) on different health endpoints. To date, ambient 33 The SET consists of eight performance measures, including the classic measures of RMSE and various 100 correlations (described in Section 2.1). Four new measures, within the SET, are introduced: the presence 101 measure that represents the sensor's availability over time (described in Section 2.2); the source-analysis, 102 which depicts how accurately a sensor can identify and locate a source (detailed in Section 2.3); the match 103 (detailed in Section 2.4) that evaluates the sensor's accuracy when the measured concentrations areare bounded to standards, connected to the power grid and are placed in dedicated containers, where 145 only the inlets are exposed to outside and weather conditions. Thus, measuring equipment presence is 146 typically a non-issue for AQMs. When it comes to MSUs, presence is often a major hurdle. This is why this 147 measure has a larger significance when evaluating MSUs. 148 149
Material and Methods
Source Analysis
150
For many applications such as source apportionment [37, 38] or dispersion models, especially Lagrangian 151 models [39, 40] , the source location is crucial. Bivariate polar plots, which represent how the 152 concentration of a pollutant varies with the wind direction and speed at the receptor, have proved to be 153 a useful tool for identifying and understanding pollution sources [37, 38, 39, 40, 21] . This representation 154 manifests the directional dependence of different sources, particularly when more than one monitoring 155 site is available, making source-analysis ideal for WDESN applications. 156
The source location analysis within the SET aims at evaluating how accurate the MSU is in identifying and 157 locating sources. i.e., it assesses the ability of the device to react to changes in observations within a time 158
interval that corresponds to wind direction change, and to be sensitive enough to measure associated 159 changes in concentrations. This is achieved through the calculation of the two-dimensional Pearson 160 correlation between polar plots obtained from the reference device and the MSU, treating both as two-161 dimensional matrix arrays [41] . For generating the polar plots, time-matched measurements of the wind 162 and the pollutant must be available. This information is typically obtained either from the AQM station 163 (given it measures these meteorological parameters) or by an externally collocated wind vane. Section S2 164 of the Supplementary material presents an example of a set of two PM 2.5 MSUs evaluated against an AQM 165 station. While all other performance criteria of the two sensors are relatively similar, the source analysis 166 score of the two sensors does show a difference. This may be attributed to the sensor being placedproblem and rectify it. 196 197
Match Score
198
Integrated AQ measures, such as the Air Quality Index (AQI) [32] , are often used to convey the general 199 notion of severity of air-quality to the public, ranking observations according to a chosen scheme. Such 200 measures may also be used when the research question does not require precise measurements but 201 rather a more general interpretation, such as general risk estimation [5, 32] and citizen science [24] . 
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(obtaining | { and } { ) respectively and the convolution theorem [47] , the Fourier representation of 226 u(W), | { , is given by: 227
Equation 2 The Fourier Transform's amplitude of h(t) is presented in Figure 1 for four different window sizes: 228 averaging over 5, 15, 30 and 60 minutes. It can be seen that at zero } { receives a value of one and its 229 value decreases as ω (in absolute value) increases. Considering Equation 2, the sampling process 230 suppresses higher frequencies, i.e, it applies low-pass filter on the observed signal. Thus, larger window-231 sizes in the signal domain, i.e. larger Δt, represent narrower filters in the frequency domain. 232 233 • Ö Ö − 1 2
Equation 6
where E is given by Equation 5 . 249
The maximum value that LFE can obtain is 1, which represents the case where all the information is within 250 the first frequency coefficient, i.e., all frequency coefficients, but the first one, are zero. 251
MSUs are typically self-contained units with their own power supply and transmission modules. Typically, 252 data acquisition and transmission times are set such that operational energy consumption (for data 253 acquisition and transmission) is minimized. Consequentially, their sampling interval, Δt, may be long, i.e., 254 low sampling rate, which corresponds to narrow low-pass filtering. Therefore, while applicable to AQM 255 and standard laboratory equipment, a measure of spectral distribution is especially important to MSUs 256 working under power consumption constraints. 257
Integrated Performance Index (IPI)
258
The SET consists of eight different performance measures accounting for different aspects of signal 259 acquisition. Different combinations of these measures can be used in order to evaluate the sensor 260 performance, depends on the specific application. In order to integrate the various measures, it isuniform in all measuring points [21, 49] . When no AQM nor reference devices are available the same 277 analysis can be done with respect to the average signal of the entire sensory network in a given region 278 [21] . Here we demonstrate the SET for collocated sensors with AQM stations. 279
For demonstrating the capabilities and richness of the suggested evaluation toolkit, twenty-five MSU pods 280 (Geotech AQMesh, UK [50] ) were placed near ten different AQM stations in eight cities in Europe, as part 281 of the European Union 7 th framework program (FP7) CITI-SENSE project [25] . The full deployment, 282
acquiring data for about three months at each location, is detailed in Section S4 of the supplementary 283 material. Each AQMesh unit was equipped with five environmental sensors: NO, NO 2 , O 3 , atmospheric 284 pressure (AP), and relative humidity (RH). Some of the AQMEsh pods included also OPC PM sensor. 285
Additionally, the AQMesh measured the unit's (internal) temperature (Temp). The specific AQM 286 parameters (location, height above ground level (AGL) and above sea level (ASL)) are detailed in Section 287 S4 of the supplementary information. The average temperature and the averages of all measured 288 pollutants are provided in Table 1 alongside their SET performance. The latter is color coded to represent 289 low to high SET values in a red-to-green color scale. 290 same. If that is not the case, the finer time resolution time series has been aggregated so it fits the coarser 292 resolution. The MSU time-series were acquired at a 15-min resolution, while the AQM time-series had a 293 30 (or 60) -min resolution. Hence, MSU measurements were averaged (without overlap) to produce a 294 time-series that corresponds to the AQM temporal resolution. 295 3 Results and Discussion for CO and NO while their average concentrations were much higher than those measured by the AQM 308 and other collocated MSUs. All these measurements were removed from the following analysis. 309
The richness offered by the IPI is presented in Table 2 , through the breakdown of the IPI measure into its 310 components (Mean (M), Match score, RMSE, Pearson ρ, Kendall τ and Spearman (S) correlation 311 coefficients; Source-analysis score, Presence (Pres.) and Lower Frequencies Energy (LFE) content) for two 312 sensors -#118 NO and #130 Temp sensors. For both sensors the LFE measure is high, suggesting that the 313 changes in the observed signal are slower than the sampling rate. The #118 NO sensor presents extremely-314 low correlation values, while its match score is high. Thus, while this specific sensor would grade poorly 315 using the traditional evaluation tools (correlation and RMSE), it would be more than sufficient for many 316 of the aforementioned applications, such as citizen science and exposure estimations. The Temp sensor 317 of pod #130 also presents interesting behavior. Its Match as well as its correlation coefficients are 318 reasonable, but its RMSE score is very low. This suggests that while the sensor does not represent the true 319 ambient levels, i.e., it has some bias, it does represent the signal's behavior (i.e., good correlations). 320
Indeed, this was the case, as explained in section 3.3. Therefore we conclude that the differentsuitability for different applications. 323
Temperature Impact on the Measurements
324
Ambient temperature has been pointed-out as a major factor affecting sensor performance [21, 11, 28, 325 29]. Here we examine this using the IPI. Figure 2 shows the average IPI of all 25 MSUs for all seven 326 measured parameters, as a function of the average temperature that was measured by the AQM station 327 throughout the campaign. The temperature effect is evaluated over 175 measurements. Each of these 328 175 measurements consists of more than three months' worth of data. Thus, the temperature evaluation 329 is based on a large dataset. No apparent trend is observed, suggesting that the MSUs manage to 330 compensate for any temperature impact on the measurements. Previously reported temperature effects 331 on AQ measurements may be attributed to higher pollution levels in winter time (due to higher pollution 332 source strength and pollution accumulation during periods with temperature inversions [51, 52] ). This is 333 because while temperature was not found to affect sensors' performance, the measured ambient levels, 334 as is shown later, do have an effect, where the sensors performs better in higher pollution levels. Next, 335
we analyze the IPI specifically for each measured parameter. 336 Table 1 Figure 4 that the ambient level of the observed pollutant has a direct 360 impact on the sensing quality. The lower the ambient pollutant level, the lower the IPI and the higher its 361 variance for similar pollutant's ambient levels (i.e., the sensors presents lower reliability for lower 362 pollutants ambient levels). Similar behavior was observed by Lerner et. al [29] and Moltchanov et. al [21] . are presented in Figure 5 (as time series) . The notion above, of the effect of ambient levels on the sensors' 381 performance, is evident in Figure 6 , where a bimodal distribution of the IPI is well observed. The two 382 models correspond to IPI scores above and below 30 ppb. Having the bimodal distributions' parameters 383 inferred, one can study their relations. Formally, this can be done by the Kolmogorov-Smirnoff test for 384 discrete variables [53, 54] comparing the best fitting distribution with the empirical distribution and test 385 for significance. 386 
-Environmentally sensed indicators -mean values (M) and Integrated Performance Index (IPI) for Air Pressure (AP); Temperature (Temp); Relative Humidity (RH); nitrogen
Particulate Matter Sensors
388
The SET criteria was applied to four different PM sensors, all collocated at the Igud AQM station (Haifa, 389
Israel -see Table 1 ). The four sensors, two DC1700 Dylos (US) and two optical counters integrated on the 390 GeoTech MSUs, were place next to the AQM's inlet between December 396 397 Table 3 shows the IPI breakdown for the PM sensors. The two types of sensors present different 398 characteristics, while the GeoTech sensors present better RMSE, the Dylos ones have better match, 399 correlations and eBalance. Thus, the SET is also capable to evaluate PM sensors and define better the 400 suitability of a sensor to a specific application. 401 402 the first author's website 15 . 420
